1

REPORT DOCUMENT  AD-~-A BN 07040188

Public reporting burden for this collection of information is estlinated to average 1 ¢ sting data sources, gathering and
maintaining the data needed, and completing and reviewing the collection of Informatk soltection of Information, inciuding
suggestions for reducing this burden, to Washington Headquarters Services, Directora, 91204, Arlington, VA 22202-4302,
and 1o the Office of Management and Budget. Paperwork Reduttion Project (0704-Q
1 AGENCY USE ONLY (Leave blank) 2 REPORT DATE . iS COVERED
August 1991 professxonal paper

4 TITLE AND SUBTITLE 5 FUNDING NUMBERS

PACT. P IBILISTIC APPROACH TO CORRELATION AND TRACKING .

CT: POSS CKING In-house funding

6 AUTHOR(S)

I. R. Goodman .
7 PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 8 PERFORMING ORGANIZATION

o e REPORT NUMBER
e ' - ' r- ‘rw' -

Naval Ocean Systems Center L A €

San Diego, CA 92152--5000 O nl 4 IJ9 §i
9 SPONSORING/MONITORING AGENCY NAME(S) AND ADDRES S) .; -ﬁ 10 SPONSORING/MONITORING

ﬂ AGENCY REPORT NUMBER
Aﬁ-hs’i'" = ik

Naval Ocean Systems Center

San Diego, CA 92152-5000
11 SUPPLEMENTARY NOTES
12a DISTRIBUTION/AVAILABILITY STATEMENT 12b DISTRIBUTION CODE

Approved for public release; distribution is unlimited.

13 ABSTRACT (Maximum 200 words)

Y
H

\’A procedure 15 presested in this paper for treating the nongeolocational aspects of multigtarget correlation and
tracking based on the well developed calculi of possibility theory and certain new theoretical considerations. More generally,
1t 1s shown that a combination of possibihistic and probabilistic techniques leads to both a feasible and optimal parameter
estimation algorithm. The technique incorporates observed data, error distributions-<or equivalently, matching tables for
attribute outcome values=and inference rules cornecting attnbute matching intensities with consequent correlation levels.

N
91-12110
ARV AR

Published 1n Conference Record Sixteenth Astlomar Conference on Curcuts, Systems, and Computers, ISBN

No. 0-8186-0000-4, November 1982.

14 SUBJECT TEAMS 15 NUMBER OF PAGES
' furzy sets # algorithm - . X
ga:gcbm/ Bayesian approach /‘947) SR 16 PRICE CODE

17 SECURITY CLASSIFICATION 18 SECURITY CLASSIFICATION 19 SEGURITY CLASSIFICATION 20 LIMITATION OF ABSTRACT

OF REPORT OF THIS PAGE OF ABSTRAGT

UNCLASSIFIED UNCLASSIFIED UNCLASSIFIED SAME AS REPORT

NGF 7540 01 280 5500 Standard form 208

Y089




UNGLASSIFIED

21a NAME OF RESPONSIBLE INDIVIDUAL
1. R. Goodman

21b TELEPHONE (include Area Code)

(619) 553-4014

21c OFFICE SYMBOL
Code 421

NSN 7540 01 280 5500

standard fonm 208

UNCLASSIFIED




Conference Record

sixteenth
Asilomar Conference on

- Clreufts, Systems & Computers

NOVEMBER 8-10, 1982
PACIFIC GROVE, CALIFORNIA

ISBN NO 0-8186-0000-4

IEEE CATALOG NO 82CH1809~3

LIBRARY OF CONGRESS NO 82~82269
JEEE COMPUTER SOCIETY ORDER NO 442

H @IEEE COMPUTER SOCIETY @ THE INGTITUTS b FLECTRICAL ANDELE GTRONICS EHGINEERS ING gggégs‘lr-,;%;




L PO

ean et e e aoa

P P TSV T S

|
;
.
i
3
k3
4

1,

.

B VL LN T RV Y

]

PACT: POSSIBILISTIC APFROACH TO CORRELATION AND TRACKING By

1.R. Goodman

Naval Ocean Systems Center
Surveillance Systems Department, Code 7223
San Diego, California 92152

ABSTRACT

A procedure is presented in this paper for treating
the nongeolocational aspects of multi-target correl-
ation and tracking based on the well developed cal-
culi of possibility theory and certain new theoret-
ical considerations. More generally, it is shown
that & combination of possibilistic and probabilis-
tic techniques leads to both a feasible and optimal
parameter estimation algoriihm, The technique
incorporates observed data, error distributions-or
equivalently, matching tables for attribute outcome
values-and inference rules connecting attribute
matching intensities with consequent correlation
levels

1. INTRODUCTION
The nulti-target multi-sensor target data associa-
tion or "correlation” problem remains as one of the
chief obstacles in constructing a comprehensive
theory of surveillance., A survey of the state-of-
the -art (unclassified) may be found in the Naval
Ocean Surveillance Correlation Handbook (two ed-
1tions)[l,27a A good number of previous and present
approaches to the correlation problem are based

upon classical Bayesian statistical techniques. Qa
the other hand, some approaches to the problem do
rely upon heuristic procedures or mixtures of heur-
istic and statistical principles. (See again [1,2)
for descriptions of these systems. In addition, see
[3,4] for an excellent example of the total Bayesian
approach.)

In any case, 1t appears that a large percentage of
correlation problems involve vague or linguilstic
information which is not easy to model from a pure
statistical viewpoint.

As an example of the above statements, cnnsider the
following four attributes which are commonly involv
ed in informational Inputs relative to tracking: A =
class, Ay= frequency of signal at its source, A3 =
ship mode, and Ah = geolocation with - safidence

ellipse. The natural domains of _velues of
these attributes are typically: dom(Al) ={Cl,..,C"§,
each a lavel for a category of ship ; dou A?):
interval {O,M ] , wvhere M_is some suitably chosen
upper baund (%n hz.); dom?A3) = {Dy,..,D} , each
being a label for a mode”of operation, noting the
E§gh1y overlapping flavor in general possessed by the
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C.'s and D 's, where some could actually represent
s&bcategor&es with respect_to others; dom(A, )=
{(p,E)) | p any point in R°, E_ any confidehce el-
lipse“centered at p ; each E_ “has the same fixed
probability level} » Next, let i and j repressnt
two fixed track histories. That is,each letter rep-
resents & collection cf data from possibly several
different sensor and intelligence sources which

is assumed to correspond .o the same (usually up-
known) target source. This data may be elaceit zed
into the four types of attributes mentioned avove.
In addition, it is assumed that error distributions
- or equivalently, matching level tables- are ob-
tainable for each of the types of observed data.
Finally, 1t is assumed that prior known relations
are avajlable connecting the intensities of matches
between any pessible outcomes of attribute categor-
ized data between i and ) and consequential levels
of correlation between i and J. Usually, the latter
is in the form of inference rules. Both matching
tables and inference rules may be obtained either
analytically , using physics and geometrical con-
straints, or empirically, through the establishment
of a panel of experts. The term "distribution" as
used above may refer to classical probabilistic or
possibilistic/fuzzy set definitlons. (SeelH]for a
sur ey and summary of possibilistic distributions
and properties.) Ther,some statistic {in the gener-
al sense) is sought which will estimate the unknown
correlation level between 1 and J , based upon the
available data, matching tables, and inference rules,

The procedure presented in this peper is based upon
three general theoretical types of results, obtained
previously by the author:

(a) Fuzzy sets and their operators correspond
ip a naturul way to random sets and their
operators such that fuzzy set/possibilistic
modeling in effect 1s a weakened form o°
probabilistic modeling, thus allowing for
interchange between the wwo types of model-
ing. This result leads to the procedure
where all input 1nformation to the correla-
tion problem is converted seperately to
9ossibilistic forms connected by ordinary
{ivo-valued) logical relations-usually,
conjunction. Then, following the applica-
tion of the algorithm (described below) ,
the initial outputs in possibilistic form
are reconverted to probabilistic form, 1f
desired. (See (6] and(7]))
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(b) Given input information consisting of an
ordinary logical combination of possibil-
istic descriptions of an unknown parameter
vector, & uniformly most accurate pure
possibilistic description exists which is
obtainable by replacement of all crdinary
connectors by corresponding (appropriate)
fuzzy set ones. This description can be
shown, under sufficient conditions, to
yield an asymptotically consistent estima-
tor of the parameter in question, with
computable error bounds involving the or-
iginal description and the pure possibil-
istic one. This result forms the basis of
the structure of PACT. (See(8);(9),sect..)

(¢) Under very general conditlons, conditional
fuzzy sets may be constucted, analagous
to conditional randcm variables. In turn,
this leads to & possibilistic version of
Bayes theorem. (See{9], (101 .) Then,
with the identificatinn of inference rules
with posterior parameter distributions
(and matching table forms with posterior
data distributions), it can be shown that
the output description of the correlation
(the unknown parameter here) as estab-
lished in result (b) is essentially the
same as the posterior distribution of the
correlation in the possibilistic Bayes-
ian sense, {Seell.)

2. GENERAL DIAGNOSTIC SYSTEMS

Before exhibiting the structure b of the PACT algo-
rithm, we will consider a more general diagnostic
system which encompasses not only the PACY ®lgo-
rithm, but other applications, including classifi-
cation, system diagnosis, and medical daignosis
techniques.

Let attributes A, , A,,..., A be m types of in-
formation over wh*ch o%served aata Z can be cate-
gorized. Thus we write in partitioned form

Q

g -1 (1)

where 5. 15 observed fron the domain of A ’
dom(A, ), for k=1,...,ms Jt is assumed domtA )} 1s
Known. Corresponding §o Zy we denote as a v&rlable
Zyeny possible value 7, could have taken in dom(Ay ) ;
similarly for Z.

Let @ denote the unknown parameter vector of inter-
est, Denote the matching table {or by a simple
trunsform, the crror distribution) for attribute A,

by Mk' Typically, M 1s evaluated as a number
betusen 0 and 1 5 X

0 M %k,zk)' <1 . (?)

Define symbolically R, to correspond to the tth
fuzzy relation connec%ing any Z with Q. Specific-
ally,
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h
B >t( dom{Ay ) X don(@) —»[0,1), (3)
v=1 v

vwhere 14 kl < k2 <% ¢m represents the col-
t

lection of attributes inv;ived in the t" relation
R,  Typically, R, ic¢ evaluated (clearly, as & mem-
bérship function) as a number between O and 1 =

, ()

with some abuse of subscript notations Note that
formally and R are possibility distributions
(or equivalently, fuzzy set membership functions)

0sRriz,Q)¢ 1

We may think ct Mk corresponding to the following
linguistic descraiption

M tﬁk,zk) = possibility that Zk is the .rue
k value, when data Ek s observed,
noting both 2, and € dom(AF).
5)

Similarly, we may interpret

Rt(Z,Q) = possibility that Z (through at-
tributes A, ,..,A, ) and Q are
related. kl kht (6)

Theorem la Uniformly Most Accurate Estimators

Suppose that information concerning unknown param-
eter Q consists of the [following forms:

(1) pata 9 .

(i1} Matching tables M, k=1,..,m.

(i11) Relations , b=l .,r.
Let g: Lo,1J)(~X(o,}13—-——->[o,1] be ncndecreasing

(m+r factors)

with respect to the partial ordering of vectors. In
particular, g can be any t-norm , the natural opex-
ator corresponding to conjunction {“and") {see {73).

Define the possibility distribution @ by

o, d
®al 2) = 1-6(1(2,2,Q)) (7)
(all 2 )
where it is assumed g 1s extendable to an arbitrary
number of argunents { this is guaranteed if, e.g.,
g is symmetric and associative, which will be the
case if g 1s a t-rorm ) , and

c(z,8,a) &l riz,Q), m(8,2)) , (8)
w2 ¢ e (2 ,2))
Kk:lpﬁf.,}fn) k
= matching table effect under g ,
{9)
[*(Z)Q) E(Rt(zyg))
(t=1,..,r)

= relation effect under g , (10)
and Q is arbitrary € dom(Q).

For any ronfidence levels




o e SR, W i B A N

d
i’" (d\l’ dey": dm) F)

vé‘\@l’ :":@) ’

vithd, ,@, ¢ (0,17,
Auel hypothesis set as

K (4, Q;sﬁi@)itiwgzm)z e, )&

(11)

(12)

all k,t , define the orig-

kz (M(Z,2 )2 al,)}-(23)

Then (for z fixed), for any possibility distribu-
tion D 2) as a function of Q over dom(Q) , Z over
dom(Z), yieldq the smallest set

{E) of)i2)2 s, 80 2 B (L,8:8), (14)

simultaneously for all possible ¢ and @,

D {s chosen
0@12) = ¢(z,8,Q) , (15)

for all Z,Q,Q . In turn, ¢7 enjoys & similar prop-
erty with respect to the projection 1-g(1-.)
applied to Ho and D

when

[For proofs, see {9} , section 10.)

Thus, the above theorem exhibits in a general
setting the uniformly most agcurate single fuzzy
set description of Q, given Z and g. The next
theorem Justifies the result outlined in (c)
above,
Theorem 2. Posterior Form for Optimal Bstimator

Suppose the sume conditione holds as in Theorem 1.
Then ¢ as given in eq. {7) is the poséerlor

poessibili-tic distribution of Q given ( see(111)
where the foléoving identifiiations are made:
= poss( (16)
R(2,Q) = poss(Q] 2) , (27
and the sufficiency condition
o
poss( (@}2)|(z12)) = voss(Q}z),  (18)

bolds for all Z,i,Q ’ and’boss"refers to any possi-
bility function (conditional form) constructed in
accordance with its corresponding variables, using
possibilistic Baves Theorem ([11)).

(Proof: Simply use the relations

poss( (2)12 ) = p”ss((égg;))

oss((Ql 2) 1(z18)) , poss(z %)) (19)

and then apply the projection operator to both
sides with respect to variaole Z.)
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For Jjustification for the recults in (a), see {11],
the sections on background of fuzzy set systems
and connections between fuzzy set systems and
random set systems.

3. APPLICATIONS TO SPECIFIC SYSTEMS

I. Medical Diagnosis / Classification

In this situation, attributes = symptoms , the
fuzzy relations are obtained from empirical evi-
dence, while the matching tables are obtained
from eirher analytic or empirical means. The fuzzy
relations refer to any given patient's symptoms
and their relations to his possible disease, the
unknown parameter here. Thus, dom(Q) here consists
of the possible diseases of relevancy, with the
possible addition of a value "not known yet-keep
testing". See for example [12)for an Artificial
Iatelligence approach to medical djagnosis and
{13} for a similar {but not Jjustified through use
of resulte similar to Theorems 1 or 2) fuzzy set
approach, Classification differs formally little
from the above application. (However, this dif-
fers considerably from other fuzzy set approaches
ts classification such  as Bezdek's [147.)

IXI. Correlation Problem

Consider first a set of coafusable track histories
£1,2,..,9) ,say . Pick out any 1 # J , and defing
omtting the obvious subscript dependency,

Q d poss( i and j correlate, i.e., belong
to the same terget source),(zoj

Lzt all of the fuzzy relations here be ~f the form
of inference rules. Thus, linguistically, a typical
Ry corresponds to the phrase

"If a match between i and J occurs relative to
attribute A to intensity level.dk. and,...,
and Ky
a match between i and J occurs relative to
attribute A to intensity level o,

y n,

t t

then 1 eand J correlate to inteasity £{,)",
where £(4) is & number between 0 and 1 and ¢ is
she vector of dh's ;in general, both of these
values are obtalned from a panel of experts.
The intensities of the attribute matches is most
easily translated by an exponentijatiom process
applied to the appropriate attribute satching
functions. A simple conversion table between the
degree of matching expressed linguistically or
initially numerically on & scale from O (no match)
to 0.5 (normal match) up to 1.0 (complete match),
might be established by use of the relation

((x)) ¢ x/(1x) > [21)

for all x € (0,1} , where ({x)) is to be used as an
exponent. Other translations of the intensities of
matches are of course possible and may be more
appropriate, following empirical studies. (Future
work will corsider this problem. See also Dubols




and Prade {51, pp. ©56-264 for similar problems.)

Combining all of the above remarks, & reasonchle
possibilistic model for inference rule t is

R.(2,Q) = Y,(0(2), QU{f(dy) ))y, (22a)

¢(2) 2 g M (7 (1), 7, (3)y ((dkv))),(i‘?b)
<v=l,..,ht) v v

w‘(xy)') g l'g(xll'y)

N (22¢)
In this case, data vector Z ( and similarly for
variable Z) is broken up into the i-data and j-
data, as indicated by the appropriate superscript,
with the previous notation still holding for the
attribute indices.

A  summary of che PACT algorithm is given below in
Fig.; 1:

CONVERT ALL INFORMATION TO POSSIBILISTIC|
FORM ( JUSTIFICATION-SEE (a))

‘- X >

I 1
SELECT PAIR (1,J) OF LIBRARY :
TRACK Hlsrgamscmn ESTABLISHED
= (2(1),2(4)
¥

DATA 2 THROUGH PANEL OF
EXPERTS AND ANALA

SELECT APPROPRIATE YTIC RESULTS
FUZZY SET SYSTEM R
(1-(+), g,1-a(-)) INFERENCE RULES
( DETRRMINED COM- Ry 5 t=1,..,7
PLETELY BY g)

ATTRIBUTE MATCH-
ING TABLES
Mo, k=l,..,p

L
COMFUTE AND STORE FOR ALL POSSIBLE VALUES |
OF 2 AND FOR ANY FIXED VALUE OF Q¢ {0,1]

{ R(2,Q) (B05.(10),(22))
M(%,2) (EQ.(9))

¢(z,2,Q) (EQ.(8))

v

PROJECT OUT THE 2'S AND OBTAIN
ez (EQ.(7))

+

REPEAT ABOVE PROCEDURE FOR £ACH POSSIBLE
Q

IF_DESIRED, RECONVERT RESULTS TO PROB-

ABILISTIC [ORM (JUSTIFICATION-SEE (a))

Fig. 1 Outline of the basic correlation

algorithm.
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L. CONCLUSIONS

Based on three general results ((a),(b),(c)), an
algorithm has been developed which treats the
multiple target correlation_problem , including
Jata categorized as nongeolocational. Figure 1.
succinctly summarizes the structure of the algo-
rithm, which depends functionally on the collection
of relevant inference rules choser as well as the
attribute matching tables.

A number of problems have arisen in the implementa-
tiou of the PACT algorithm:

(1) How should attributes be chosen? What system-
atic procedures are available for determining from
avajlable experts and other informational sources
what are the mcst important and distinct attributes
to consider. Novakowska's clustering-like approach
[15] or alternatively a modified factor anaysis
approach might lead to satisfactory choices.

(i1) In utilizing a panel of experts, the way
questions are formulated is critical. Consequently,
use of questionnaire and psychometric techniques
to extract maximal unbiased informetion is necess-
ary.

{111) Perhaps the most critical problem is the
actual determination of the inference rules. Even
with a relatively few attributes used ne a basis,
there are myriad combinations of possible intensi-
ties of attribube matches leading to the corres-
ponding inference rules. Thus, a wethod is needed
to generate inference rules which are relatively
distinct (too meny redundant-like rules will cause
unnecessary computer running time without adding
much infcrmation content), Can a metric be designed
which determines the amount of "disiinctness’ between
rules? The answer to these problems may well lie
within the purview of Artificial Intelligence tech.
niques or related search theory procedures.

(iv) Complete flow charts for the PACT algorithm
in its general form have been made (and are avail-
atlc %o interested readers upon request). Prelimin-
ary numerical runs indicate a long running program.
Consequently,by utilizing the basic bounding prop-
erty of t-norms and t-conorms (see , e.g.,{93,
section 4) , an algorithm may be obtained which

i8 simpler in form than the original PACT algorithm
and which yields as outputs lower bounds to the
posterior correlation distribution:

P(el %) 2 Q)LB(Q |2) , (23)

B 1 2) = max( o(2), R%(Q)), (2b)

o(?) = 1-g1-r(4,2)) (25)

(a1l 2)

r(h,2) - el rrz)mde), (26)

R'(z) = &(1-6,(2)) , (21)
(t=1,.7,r)

R"(Q) = g(Q{(f{e) )]y (28)
t=1,. lr)
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